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Successful Adaptation of a Group EEG Generative Model to
Individuals Depends on Participant Typlcallty
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Introduction

Machine learning can be used to identify patterns in EEG data. However, sometimes there is insufficient data to do this.
« Case1: not enough patients: generate artificial EEG data at the individual level -+ Case 2: not enough trials per participant. generate artificial EEG data at the trial level
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Problem: how to generate participant-specific EEG trials for different conditions with individual physiological plausibility?
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Conclusion

* Group-pretrained EEG generative models (ERP-WGAN-GP) can be fine-tuned to individual participants.

* Fine-tuning is not always successful: MW showed stable real-fake agreement, whereas OT showed larger participant-level variability.
« Forthe OT condition, larger participant-to-group real EEG deviation is associated with poorer fine-tuning quality.

« Participant-to-group deviation may help identify when individualized EEG generation is feasible.
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